INTRODUCTION
Because of the threat of bioterrorism, improvement in the nation's capability to detect epidemics is of increasing importance 1, 2 . In particular, more timely detection is needed to potentially mitigate mortality, morbidity and economic costs 3 . Timely detection of epidemics requires sources of data that themselves are timely; that is, types of data that will reflect the early "symptoms" of an epidemic and that are available in real-time, without delays due to manual data collection, transcription, or batch mode processing.
Thus, there is current interest in the use of existing sources of data-school or industrial absenteeism, grocery stores purchases, pharmacy purchases, web queries, and data collected during emergency room visits-for the detection of epidemics. Such sources of data form the basis of new detection systems being developed in New York City, Washington DC, and Pittsburgh [4] [5] [6] . Surprisingly, relatively little work has been done to characterize the performance characteristics of detection systems that are based on such data. One study 7 measured sensitivity, specificity, and timeliness of Influenza epidemic detector from health service data such as emergency home visits and drug sales.
There are at least two general questions about detection from routinely collected data: First, "What are the relative values of different types of routinely collected data for early detection?" and second, "What types of algorithmic approaches are effective for analyzing these data?"
In this paper, we conduct research of the first type. We measure the value of ICD-9-coded chief complaints obtained routinely at the time of presentation to an Emergency Department (ED). Such data are of interest because they are collected routinely, are often available electronically in real-time, andunlike other data used to monitor disease outbreaks (e.g., pneumonia incidence, or pneumonia deaths)-have the potential to detect sick individuals during early prodromal phases (i.e., while they are experiencing early, nonspecific symptoms).
In general, we cannot measure the value of data for detection directly. Instead, we must measure the detection performance achievable with the data by using the data as input to a detection system, and then measuring the performance of that detection system on one or more epidemic diseases. In this research, we built a detection system based on a standard detection algorithm (the Serfling Method) and measured its performance for Influenza. We selected Influenza because it is an excellent surrogate disease for research on detection systems for bioterrorism. Most militarily important biologic agents present with early clinical symptoms that resemble viral flu syndromes 1 . From measurements of timeliness, sensitivity, and positive predictive value of this detection system, we hope to gain insights about the potential of this type of data for epidemic detection.
METHODS

ICD-9-Coded Chief Complaints
ICD-9 is a diagnostic coding system that provides codes for chief complaints and diagnoses 8 . In our ED, chief complaints are coded at the time of presentation using ICD-9 codes. On arrival, the patient or a family member is interviewed by a triage nurse who writes the chief complaint in free text on a paper form. A registration clerk then enters the complaint using ICD-9 in the registration system.
Study Period
We used standard epidemiological numbering in which we refer to week 1 of 1999 as "1/99" and week 52 as "52/99". As defined in the mortality and morbidity weekly reports (MMWR) Table IV 9 , each week starts from Sunday instead of the date that January 1 starts as described in 10 . The study period was the 52-week period from 49/99 (December 4, 1999) through 48/00 (December 1, 2000). "Respiratory" and "Influenza" ICD-9 Sets In this research, we evaluated two different sets of ICD-9 codes as the basis of our detection scheme: a "respiratory" set (RS) and an "Influenza" set (IS). The RS is motivated by the observation that most bioterrorism diseases present early with respiratory symptoms. The IS is motivated by the fact that we are using Influenza as a surrogate disease in this research and therefore we want a to build as good a detector as possible for that disease from the available ICD-9-coded chief complaint data.
We developed these ICD-9 sets as follows: In earlier research described in 11 , two internists created RS and a "viral" set. In particular, the internist reviewed all ICD-9 codes that had been used to represent chief complaints in the ED during the past three years. The goal of that project was to create sensitive detection systems, so the internists erred on the side of including too many ICD-9 codes. They assigned 64 codes to RS and 33 to the "viral" set.
We used the RS without modification in this research. It included disease codes and symptom codes for entities such as pneumonia, asthma, cough, and dyspnea.
To create IS, one of the internists edited the combined RS and "viral" set. The rationale for combining these sets was that Influenza presents with respiratory and viral-like features. To create a detector for influenza, he excluded ICD-9 codes from the combined set that he thought would reduce specificity without affecting sensitivity.
The resulting IS contained 35 codes.
The Serfling Method
The Serfling Method 12 is a methodology for automatic detection of epidemics from time-series data (e.g., our weekly ED visit counts). We used it as the method for detecting epidemics. The Serfling Method is a cyclical linear regression model that uses a linear trend and two harmonic terms to create a model of non-epidemic periods.
A threshold curve based on statistical expectations is established, e.g., 95% confidence interval of the baseline. A Serfling-based detection system will signal an epidemic whenever the observed time-series data exceed the threshold. This method has been applied to nationwide pneumonia and influenza (P&I) deaths in the USA and influenza-like-illness in France [13] [14] [15] . The equation for the Serfling Method is,
where y(t) is the prediction of the model at week t, assuming no epidemic is ongoing, and parameters a, b, c, and d are model coefficients. When used for Influenza modeling, the two harmonic terms are set to period of 52 weeks to account for seasonal effect. Minor justification for the period (52 weeks) of the two harmonic terms was addressed in 14 when leap years were considered. The data collection period for RS and IS was from year 1997 to year 2000 that were nonleap years.
Establishing the Serfling Baseline
The Serfling model requires training data (e.g., weekly counts of ED visits for RS or IS) from non-epidemic years to parameterize a base model. We had data available for the years 1998 and 1999. Data for Influenza from consecutive, non-epidemic years is difficult to obtain because of the regularity of Influenza, and 1998 and 1999 were epidemic years. A solution is to manually remove counts during epidemic weeks from the training data, but finding documented epidemic weeks is also difficult.
We were unable to find a standard automatic procedure for removing epidemic weeks; therefore we used the following five-step procedure to remove data points that could possibly fall into epidemic weeks. The assumption underlying this procedure is that the outliers above the 95% confidence interval that we are removing are data occurring within epidemic weeks. 1. Obtain coefficients for the regression model by fitting the raw training data without any manipulation. 2. Compute the preliminary baseline based on the coefficients obtained in Step 1. 3. Remove outliers that are above one-sided 95% confidence interval (CI) of the baseline obtained in
Step 2. Here we cut off the outliers with considering the seasonal effect, the preliminary baseline. 4. Refit the model to the data without outliers and recalculate the model coefficients. 5. Use the model to predict next year's baseline curve.
We used the first 100 weeks of RS and IS counts (week 1/98 to week 48/99) as training data (after removing the outliers using the above five steps).
The Detection System
The detection system in this study used the above Serfling Method, set to trigger an alarm whenever the time-series weekly counts (i.e., RS counts or IS counts, depending on which was being studied) exceeded threshold levels for two or more consecutive weeks. The threshold levels were defined to be the one-sided upper 95% limit of the expected baseline. This approach follows standard practice 13, 14 . We used SAS  , a commercial statistical tool, to implement the Serfling model. The Gold Standard A gold standard is a tool used to evaluate a system or study, implying general acceptance or consensus about its validity as a measure of a system 16 . Epidemic periods defined on the basis of pneumonia and influenza (P&I) deaths, often times using the Serfling Method, are used in public health practice and research as the primary quantitative detection index for influenza [12] [13] [14] .
To identify the epidemic periods in Pittsburgh, we applied the Serfling Method to P&I death data for the three-year period 2/97 * to 48/99 for training and then used the calibrated Serfling model to identify epidemic occurrences during the 52-week study period (weeks 49/99 to 48/00). We used the standard definition of the onset of an influenza epidemic, which is taken to be the beginning of any two-week (or longer) period during which P&I deaths exceeded predicted levels 14 .
We also used the standard definition of the end of an influenza epidemic to be the beginning of the first twoweek period during which P&I deaths returned to nonepidemic levels as defined by the Serfling Method 14 . We obtained P&I death data for Pittsburgh for this period from CDC's MMWR Table IV 9 . The weekly P&I deaths for Pittsburgh on the MMWR Table  IV were incomplete due to delays in issuing of death certificates, so we augmented this data with the reports from the Allegheny County Health Department.
Measurement of Sensitivity, Positive Predictive Value (PPV), and Timeliness
For detection systems based on RS and IS, we calculated sensitivity, PPV, and timeliness.
We defined a true positive alert to be when the Serfling Method signaled the onset of an epidemic within four weeks before or two weeks after the P&I-death defined epidemic (a standard methodological approach) [12] [13] [14] . We defined sensitivity as the ratio of true positive epidemic alerts given by RS (or IS) detection systems to the "gold standard" alerts given by the P&I detection system. We defined PPV as the ratio of true positive epidemic alerts to the total alerts given by the RS (or IS) detection system. We calculated standard epidemiological measure of timeliness by subtracting detection dates computed from P&I data by the Serfling Method from those computed from RS and IS. The Cross-Correlation Function We also measured the inherent timeliness of the data themselves using the cross-correlation function. The cross-correlation function is a well-established tool used in the field of signal processing for estimating times lags between time series 17 . For example, if we have time series whose peaks are in temporal alignment, the maximum value of the cross-correlation function will occur at a time lag of zero.
The assumption underlying use of the crosscorrelation function is that the time series are stationary. Thus, before employing the cross-* Since Year 1997 had total 53 weeks, we started from 2/97 (Jan. 5, 1997) to maintain the 52-week period in the harmonic terms. The ED registration records included a time stamp, which we use in this study as the time when the data were available for the purpose of disease surveillance. In the P&I death data, the time we used was the time of death.
We computed cross correlations between RS and P&I deaths and between IS and P&I deaths for two years (weeks 49/98-48/00). 3 show the weekly counts, baselines, and thresholds from 1998 to 2000 for RS, IS, and the P&I gold standard data.
RESULTS
Figures 1-
The following equations for y r (t) and y f (t) are the parameterized Serfling baselines for the RS and IS data, respectively, where t is the week. Table 1 gives the start and end weeks of all epidemic periods-those identified by the gold standard (the Serfling Method applied to Pittsburgh P&I data), and the RS-and IS-based detectors. Using P&I or RS data, the detection system identified three epidemic periods. Using IS data, it identified four. In Table 1 , the epidemics detected by the three detectors are placed in the same row if the start date of the non gold standard methods fell within the six-week window (four-weeks before and two after) of the P&I defined epidemics. Table 1 also includes the timeliness (in parentheses) calculated by subtraction of the date of the P&I defined epidemic from the date of the ICD-9 defined epidemic. Table 2 shows the sensitivity and PPV for RS and IS. Due to the small number of epidemics, we considered this study to be a pilot study with small numbers, so no confidence intervals are calculated. The time of detection achieved with RS and IS data and the Serfling Method (Table 2 ) was one week earlier than the time of detection achieved with P&I data. The measurement of timeliness based on the cross-correlation function (Figure 4) showed that the RS and IS curve fit best when positioned two weeks earlier than the P&I curve. 
DISCUSSION
Due to the singular Influenza epidemic in the study period, our measurements of sensitivity, PPV, and timeliness need to be confirmed by a larger study. The results nevertheless suggest that the sensitivity and timeliness achievable with ED ICD-9-coded chief complaints can be good. The PPVs of the two ICD-9 signals, RS and IS, were lower. The false positive might be partly explained by the nonspecific characteristic of ICD-9-coded chief complaints being caused possibly by any respiratory outbreak such as asthma or viral illnesses, whereas the P&I death signal was more specific to Influenza. As we would expect, ED visits for respiratory and Influenza symptoms precede deaths from pneumonia and Influenza.
The Serfling Method
The Serfling method is a static regression model with parameters, e.g., a, b, c, and d in Eq. (1), that do not vary with time after they are optimized through the training data. When applied to less noisy data, the model usually predicts baseline well during the study (prediction) period. Thus, fewer false positive alerts based on the 95% CI of the baseline would be expected. In this study, P&I data seemed to be less noisy, probably because it was specific to Influenza and represented the complete surveillance results for Pittsburgh. As shown in Fig. 3 , the predicted baseline of P&I data matched the observed data during the study period. However, the predicted baselines for RS and IS seemed to deviate from the observed data, as shown in Figures (1) and (2) . This deviation could indicate that RS and IS were noisy due to their nonspecific characteristics and limited surveillance scope to a single ED. The implication of this observation for future research is that either (1) alternative detection algorithms should be used, or (2) if the Serfling Method is used, the dependence of the method on signal properties must be respected.
This study was based on an assumption that the Serfling Method was a reasonably good method for detection, and therefore the detection performance achievable using that method on ICD-9-coded chief complaints would be informative about that data source. We selected the Serfling Method because it is a standard method in epidemiological research. Further conclusions about the value of ICD-9-coded chief complaints for early detection of epidemics should be based on results using additional detection algorithms-such as autoregressive integrated moving average (ARIMA), adaptive filters, and hidden Markov model (HMM) methods. Influenza The study also rests on the assumption that the value of ICD-9-coded chief complaints for detection of Influenza will be informative about their potential for other epidemics such as bio-terrorist release of aerosol Anthrax. This belief is probably justified because Influenza would be harder to detect having lower incidence and broader time distribution of cases. Influenza probably represents a more difficult detection problem than does a large-scale bio-terroristic release.
The Value of ICD-9-coded Chief Complaints
The observed capability to detect Influenza epidemics using ICD-9-coded chief complaints, the Serfling Method, and data from a single ED are probably useful for public health surveillance purposes.
From our previous discussion about signal properties, the PPV might be improved by increasing the scope of the surveillance system to include larger populations, by utilizing different detection algorithms, or by using more complete ICD-9 codes for respiratory syndrome (if we want to put the detector in a different hospital).
In this study, we used weekly counts. By monitoring daily or even hourly counts of ICD-9-coded chief complaints, the timeliness of an epidemic alert can be further improved.
The use of the cross-correlation function to measure the relative timeliness of different types of data for early detection is a new application of an existing technique. We believe it will be useful for screening potential sources of data for inclusion in a detection scheme. In this study, the cross-correlation function demonstrates that the signal provided by ICD-9-coded chief complaints occurs two weeks earlier than the signal provided by P&I data.
Our belief that ICD-9-coded chief complaints can be used for early detection is also based on our results 11 showing good sensitivity (0.44) and specificity (0.97) for detection of cases of acute respiratory illness using the ICD-9-coded chief complaints.
These methods and results may apply to diseases that present with non respiratory and non viral prodromes. We and others have also developed but not tested diarrheal, encephalitic, botulinic, rash, viral, and hemorrhagic sets of ICD-9 codes.
